Unmanned aerial vehicle (UAV) remote sensing and deep learning provide a practical approach to object detection. However, most of the current approaches for processing UAV remote-sensing data cannot carry out object detection in real time for emergencies, such as firefighting. This study proposes a new approach for integrating UAV remote sensing and deep learning for the real-time detection of ground objects. Excavators, which usually threaten pipeline safety, are selected as the target object. A widely used deep-learning algorithm, namely You Only Look Once V3, is first used to train the excavator detection model on a workstation and then deployed on an embedded board that is carried by a UAV. The recall rate of the trained excavator detection model is 99.4%, demonstrating that the trained model has a very high accuracy. Then, the UAV for an excavator detection system (UAV-ED) is further constructed for operational application. UAV-ED is composed of a UAV Control Module, a UAV Module, and a Warning Module. A UAV experiment with different scenarios was conducted to evaluate the performance of the UAV-ED. The whole process from the UAV observation of an excavator to the Warning Module (350 km away from the testing area) receiving the detection results only lasted about 1.15 s. Thus, the UAV-ED system has good performance and would benefit the management of pipeline safety. in many fields, including photographic measurements [3], environmental protection [4], search and rescue operations [5] , precision agriculture [6-9], infrastructure monitoring [10] , and traffic management [11] [12] [13] . Deep-learning algorithms, which have achieved state-of-the-art performance on a wide range of image processing tasks, are able to interpret the remote-sensing images efficiently. These algorithms overcome the drawbacks of the manual interpretation of remote-sensing images such as time and high economic costs. In recent years, deep learning has been used in many fields for processing UAV remote-sensing images, such as for pedestrian detection [14] , land-cover classification [15], ecological protection [16] , and digital terrain model (DTM) extraction [17] .
Introduction
Object detection from remote-sensing images is useful in many fields [1] . The detection of ground objects requires the acquisition and interpretation of remote-sensing images. Unmanned aerial vehicles (UAVs) equipped with global positioning system modules and high-resolution digital cameras are able to provide remote-sensing images and accurate geolocation information [2] . This technique has been demonstrated to be a very effective way to collect data for a large area in a timely, cost-efficient and convenient way. UAV remote sensing plays an important role transmission modules to transfer the UAV remote-sensing data to the computer and process the data on the computer in order to realize the real-time processing of the data [28, 29] . This approach may suffer from the unstable and short-distance transmission of the transmission module in practical applications. In some other studies, an embedded board is integrated on the UAV as the processing unit, such as the NVIDIA Jetson TX2 board, the Jetson AGX Xavier board, and the Intel Neural Compute Stick [30, 31] . This approach ensures that the UAV data is processed stably and in real time. Unfortunately, studies on the real-time processing of UAV data on the UAV itself are still rare. Additional comprehensive studies are needed to provide more references for the community. In industry, some commercial applications have made use of real-time processing to detect and track targets, such as the Skydio R1 [32] and the DJI Mavic 2 [33] . Recently, the Little Ripper company and the University of Technology Sydney developed a system to enhance beach safety; this system is able to monitor the activity of sharks and send real-time video streams to the UAV pilots on the beach [34] . However, the promotion of these commercial applications is limited because their data transmission distance is restricted by the transmission module. Therefore, in order to realize the real-time detection of ground objects based on UAV remote sensing, some key functional parts need to be implemented and integrated, including a fast and accurate object detection algorithm, integration of the algorithm, UAV, and camera, and the transmission of the processing results to the users.
In this context, this study proposes an approach for realizing the real-time detection of ground objects by integrating UAV remote sensing and deep learning. Furthermore, a system is constructed for operational application. Excavators, which greatly threaten the safety of pipelines, are selected as the ground objects to be detected. Thus, the constructed system is termed UAV-ED (i.e., UAV for excavator detection). Several experiments in different scenarios are conducted to evaluate the performance of the proposed approach and UAV-ED system. This study would be beneficial for preventing pipeline accidents and similar applications in other fields.
Materials

Dataset
To train the deep-learning model, 350 images containing excavators were collected. Seventy percent of these images were obtained from the Internet and the remainder were obtained by acquiring UAV images at construction sites. Images without excavators were not collected. Because excavators often appear at construction sites, about 15% of collected images contained other construction equipment besides excavators, such as grab machines and cranes, which were not the detection target. About 60% of collected images contained multiple excavators in one image. We annotated every image by drawing bounding boxes around each excavator manually with the labeling graphical image annotation tool [35] . Examples of the annotated images are shown in Figure 1 . The images collected from the Internet were different in illumination, background and resolution; and the excavators contained in them are different in size, shape, color, and posture to ensure the robustness of the excavator detection model. Furthermore, a UAV equipped with a electro-optical (EO) camera was used to take videos at three construction sites near the University of Electronic Science and Technology of China (UESTC), with a flight height ranging from 100 m to 200 m. These videos were obtained in both vertical view and oblique views. Each video was taken with a size of 1920 × 1080 pixels. We extracted the images containing excavators in different postures and backgrounds from the videos. All 350 images were combined and shuffled to form the dataset for the subsequent excavator detection model. 
Instruments
As shown in Table 1 , the instruments in this study included an UAV, a sensor (i.e., EO camera), an embedded board, a tablet, and a computer. We used a UAV equipped with a high-resolution EO camera to obtain the aerial images. The embedded board is used to deploy deep learning algorithms to process the captured images in real time. The tablet and the computer are used to display the detection result to the users. 
As shown in Table 1 , the instruments in this study included an UAV, a sensor (i.e., EO camera), an embedded board, a tablet, and a computer. We used a UAV equipped with a high-resolution EO camera to obtain the aerial images. The embedded board is used to deploy deep learning algorithms to process the captured images in real time. The tablet and the computer are used to display the detection result to the users. The UAV platform used in this study was a DJI Matrice 600 (M600) Pro because of its good support for secondary development and its high stability. DJI M600 Pro is equipped with DJI LightBridge 2 transmission system to meet the requirement of high-definition live streaming. The image signal transmission distance is as far as 5 km in unobstructed areas. The sensor used in this study was a FLIR industrial camera BFLY-U3-13S2C-CS. This RGB camera is a low-cost, commercial, and off-the-shelf product with the advantage of low power consumption and high resolution. Furthermore, it is light weight and has a good stabilization sensor to reduce blurring of none-stable platforms, which is an advantage for use on drones. The camera's focal length supports manual adjustment to adapt multiple flight altitudes.
The embedded board used in this study was a NVIDIA Jetson TX2 board, one of the fastest, most power-efficient embedded artificial intelligence (AI) computing devices. It is built around an NVIDIA Pascal™-family GPU and loaded with 8 GB of memory and 59.7 GB/s of memory bandwidth. It features a variety of standard hardware interfaces that make it easy to be integrated into a wide range of products.
The study also used the OneNET platform [36] to realize the remote, wireless, and real-time transmission required by the UAV-ED system. The OneNET platform is an open and free cloud platform created by China Mobile, that simplifies the access of Internet of Things (IoT) devices to the cloud. The OneNET platform has already been applied in various business fields, such as environmental monitoring and precision agriculture [37] .
Unmanned Aerial Vehicle (UAV) Remote-Sensing Experiment
The area for testing the proposed approach and UAV-ED system is located in Qu county, Sichuan province, China ( Figure 2 ). The length of the pipeline in Qu county is approximately 35 km. Due to the abundant soil resources and many infrastructure constructions projects in Qu county, excavators often work around the pipeline and, thus, seriously threaten the pipeline's safety. Currently, the pipeline is inspected in the field by laborers twice a day. Because the pipeline is 20 to 100 m away from the main road, the manual monitoring approach is inefficient and time-consuming. Due to the limitation of the flight distance of the UAV, a part of the pipeline was selected to test the proposed approach and UAV-ED system. The total length of the selected pipeline was about 5 km. The land-cover types of the selected area included grassland, bare soil, built-up surface, ponds, and roads. Therefore, the selected area was very typical for testing the proposed approach and UAV-ED system. The UAV platform used in this study was a DJI Matrice 600 (M600) Pro because of its good support for secondary development and its high stability. DJI M600 Pro is equipped with DJI LightBridge 2 transmission system to meet the requirement of high-definition live streaming. The image signal transmission distance is as far as 5 km in unobstructed areas. The sensor used in this study was a FLIR industrial camera BFLY-U3-13S2C-CS. This RGB camera is a low-cost, commercial, and off-the-shelf product with the advantage of low power consumption and high resolution. Furthermore, it is light weight and has a good stabilization sensor to reduce blurring of none-stable platforms, which is an advantage for use on drones. The camera's focal length supports manual adjustment to adapt multiple flight altitudes.
The area for testing the proposed approach and UAV-ED system is located in Qu county, Sichuan province, China ( Figure 2 ). The length of the pipeline in Qu county is approximately 35 km. Due to the abundant soil resources and many infrastructure constructions projects in Qu county, excavators often work around the pipeline and, thus, seriously threaten the pipeline's safety. Currently, the pipeline is inspected in the field by laborers twice a day. Because the pipeline is 20 to 100 m away from the main road, the manual monitoring approach is inefficient and time-consuming. Due to the limitation of the flight distance of the UAV, a part of the pipeline was selected to test the proposed approach and UAV-ED system. The total length of the selected pipeline was about 5 km. The land-cover types of the selected area included grassland, bare soil, built-up surface, ponds, and roads. Therefore, the selected area was very typical for testing the proposed approach and UAV-ED system. Figure 2 . Area for testing the proposed approach and UAV for excavator detection (UAV-ED) system and the images with excavators taken by the UAV in the experiment. The green solid points in the map denote the sites where the excavators were working. The UAV remote-sensing experiment was conducted on 15 September 2018. The weather was cloudy all day. We found there were excavators working on two sites ( Figure 2 ). From 10:00 am to 6:00 pm, 5 flights were conducted, once every two hours. The DJI M600 Pro UAV, equipped with a FLIR EO camera and a Jetson TX2 embedded board, was employed. The duration of each flight was 25-30 min. Three of the five experiments were performed along the pipeline by automatic control through the UAV ground control station, and another two experiments around the excavators were performed by manual control with a UAV external pilot. In the three flight missions, the flight speed of the pipeline monitor ranged from 5 m/s to 10 m/s, the flight altitude ranged from 100 m to 200 m, and the maximum flight distance was about 5 km. The FLIR camera on the UAV was installed vertically and oriented to the ground during pipeline monitoring; thus, the captured images were top views of the ground objects.
Methodology
The Excavator Detection Model
Many neural network models for object detection have been proposed and have exhibited good performance. These models are usually split into two categories according to their architecture: two-stages detectors and one-stage detectors. For the two-stages detectors, such as R-CNN [38] , Fast R-CNN [39] , and Faster R-CNN [40] , a region proposal network is used to generate regions of interest in the first stage. In the second stage, the objection classification and bounding box regression are performed. Although two-stage detectors generally yield better accuracy than one-stage detectors, they are not applicable for the real-time detection of ground objects due to their high computational costs.
Compared with two-stage detectors, one-stage detectors, such as You Only Look Once [41] and Single Shot MultiBox Detector [42] , do not require the first-step for region proposal. They treat object detection as a simple regression problem. Therefore, one-stage detectors are generally faster than two-stage detectors. In addition, the accuracy of one-stage detectors is acceptable in many applications [23, 43] . The You Only Look Once V3 (YOLOv3) model [43] is one of the most widely used one-stage detectors [38, 44] . Its architecture consists of two parts, a feature extractor and an object detector. Compared with two-stage detectors, the YOLOv3 model has several advantages. It extracts the features under the global context of the entire image, and it is very fast since it only needs one stage. Considering the processing speed for real-time detection of the excavators, the computational costs, and the accuracy in detection, the YOLOv3 model was used in this study.
The 350 images with excavators described in Section 2 were used to train the excavator detection model based on YOLOv3. Since the number of the images is not very large, the trained model may suffer from overfitting. Thus, the excavator detection model was trained with a transfer learning strategy based on the pretrained YOLOv3 model published by [43] . One should note that the pretrained YOLOv3 model was trained with ImageNet, which is a large visual database designed for visual object recognition. However, images of ImageNet were not obtained from the aerial viewpoints. Thus, the pretrained YOLOv3 model was further trained based on the 350 collected images, with 80% of the images for training, 10% for validating and 10% for testing. The transfer learning strategy can also significantly decrease the time consumed in the training process.
In the training process, five parameters, including the recall rate, accuracy, precision, intersection over union (IoU), and loss function, were selected to evaluate the model's performance. The recall rate, accuracy and precision were used to measure the ratio of excavators detected by the excavator detection model in the images. IoU was used to measure the ratio of overlap between the real excavator bounding box labeled manually and the predicted excavator bounding box given by the excavator detection model. Loss function was used to evaluate the overall performance of the excavator detection model from the location accuracy and detection accuracy. The formulas for these three parameters are listed below:
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where TP (true positives) denotes the number of the true excavators that are correctly identified by the excavator detection model; and FN (false negatives) denotes the number of true excavators that are falsely identified as background by the model; TN (true negatives) denotes the number of the background that are correctly identified by the excavator detection model; and FP (false positives) denotes the number of the background that are falsely identified as excavators by the excavator detection model. Because only the excavators in images are labeled and background is not the detection target in our experiment, TN is ignored. Accuracy can be calculated by recall rate and precision.
where AoO is the area of overlap between the real excavator bounding box labeled manually and the predicted excavator bounding box given by the excavator detection model; and AoU is the area of union between the real excavator bounding box labeled manually and the predicted excavator bounding box given by the excavator detection model. Loss function consists of four terms:
where E xy is the loss of the location of the center of the predicted object; E wh is the loss of width and height of the predicted bounding box; E confidence is the loss of confidence of the predicted object; and E class is the loss between the predicted category and the real category. Since the excavator is the only class to be detected in the detection model, E class is equal to 0. The architecture of the excavator detection model based on YOLOv3 is shown in Figure 3 . It is designed in [43] . It has 75 convolutional layers, with residual layers and upsampling layers. The convolutional layers produce feature maps by convolving the input image with a specified number of kernels. The convolutional layers with stride 2 are used to down sample the feature maps, which reduce the loss of the low-level features compared with using the pooling layers. For the convolutional layers with the kernel size of 3 × 3, the convolution process is carried out as follows:
where I w+i , h+j,k is the input, O w,h,d is the output, and W d i,j,k and b d are the weights and the bias of the d'th kernel of the convolution layer, respectively. The number of kernels is the same as the number of channels of the ouput feature maps. c is the number of channels of the input feature maps. As k takes 1, . . . , c, each kernel of the convolution layer works on the entire channels of the input feature maps. The convolution process of the convolutional layer with the kernel size of 1 × 1 is similar to that of 3 × 3. An activation function, the leaky relu function, is used to perform non-linear transformation on each output of the convolution, which enables the model to learn more complex features. The leaky relu function is listed below:
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The nearest neighbor algorithm was used to upsample the feature map from the size of w/32 × h/32, w/16 × h/16 to w/16 × h/16, w/8 × h/8. The excavator detection model makes predictions on three feature maps by the convolutional layer with the kernel size of 1 × 1 and the sigmoid function. The sigmoid function is listed as follows: The flowchart of the trained excavator detection model is shown in Figure 4 . During the detection process, the darknet53 network model [45] under YOLOv3 was employed to extract the features from the entire image and generate feature maps at three scales. The three feature maps 
The nearest neighbor algorithm was used to upsample the feature map from the size of w/32 × h/32, w/16 × h/16 to w/16 × h/16, w/8 × h/8. The excavator detection model makes predictions on three feature maps by the convolutional layer with the kernel size of 1 × 1 and the sigmoid function. The sigmoid function is listed as follows:
The flowchart of the trained excavator detection model is shown in Figure 4 . During the detection process, the darknet53 network model [45] under YOLOv3 was employed to extract the features from the entire image and generate feature maps at three scales. The three feature maps have (w/8) × (h/8), (w/16) × (h/16), and (w/32) × (h/32) cells, respectively (w is the width of the image and h is the height). Cells in different feature maps have different receptive field sizes [37] . There are nine different anchor Remote Sens. 2020, 12, 182 9 of 20 boxes used to make predictions in the three feature maps in total. For each feature map, object classification is performed in every cell to calculate the confidence of containing excavators at three different anchor boxes with the cell as the center. In addition, the three anchor boxes are used to perform the boundary regression to predict the bounding box of the excavator for each cell. The predicted outputs on one anchor box of one cell contain six values, including the center coordinate of the bounding box (tx,ty), the width and height of the bounding box (tw,th), the confidence for the anchor box containing the target object (P(object)), and the confidence of the detected object being an excavator (P(excavator|object)). Since excavators are the only target object in this experiment, the confidence of the detected object being an excavator is always 100%. Using three scales to extract features and nine anchor boxes to perform the boundary regression makes the trained excavator detection model able to detect excavators of different sizes and postures. To prevent the detection of the same excavator several times, the confidence obtained and the predicted bounding box are subjected to objectness score thresholding and non-maximum suppression (NMS) to obtain the most likely bounding box of the detected excavator. [37] . There are nine different anchor boxes used to make predictions in the three feature maps in total. For each feature map, object classification is performed in every cell to calculate the confidence of containing excavators at three different anchor boxes with the cell as the center. In addition, the three anchor boxes are used to perform the boundary regression to predict the bounding box of the excavator for each cell. The predicted outputs on one anchor box of one cell contain six values, including the center coordinate of the bounding box (tx,ty), the width and height of the bounding box (tw,th), the confidence for the anchor box containing the target object (P(object)), and the confidence of the detected object being an excavator (P(excavator|object)). Since excavators are the only target object in this experiment, the confidence of the detected object being an excavator is always 100%. Using three scales to extract features and nine anchor boxes to perform the boundary regression makes the trained excavator detection model able to detect excavators of different sizes and postures. To prevent the detection of the same excavator several times, the confidence obtained and the predicted bounding box are subjected to objectness score thresholding and non-maximum suppression (NMS) to obtain the most likely bounding box of the detected excavator. 
Construction of the UAV for Excavator Detection (UAV-ED) System
Integration of the aforementioned excavator detection model, the UAV, and related components makes it possible to establish a system to monitor the excavators automatically. The UAV-ED system is composed of three modules, including the UAV Module, the UAV Control Module, and the Warning Module. The architecture of this system is shown in Figure 5 . Details of these modules are presented in the following subsections. Figure 4 . Flowchart of the excavator detection model. The red dot is the center of the receptive field for each cell on the original image. The red boxes are the predicted bounding boxes with confidence beyond the object score threshold (i.e., 0.5). Among them, the red boxes in the detection results are the most likely bounding boxes of the detected excavators.
Integration of the aforementioned excavator detection model, the UAV, and related components makes it possible to establish a system to monitor the excavators automatically. The UAV-ED system is composed of three modules, including the UAV Module, the UAV Control Module, and the Warning Module. The architecture of this system is shown in Figure 5 . Details of these modules are presented in the following subsections. 
Integration of the Excavator Detection Model, Sensor and UAV
The UAV Module is to detect the excavator, determine the geolocation, and transfer the information to the other two modules. The main hardware components of the UAV module are the UAV (DJI M600 Pro), the EO camera (FLIR BFLY-U3-13S2C-CS), and the embedded board (NVIDIA Jetson TX2 board). In addition, the UAV has a mounting board to mount the embedded board and a gimbal to mount the FLIR camera. Before mounting the NVIDIA embedded board on the UAV, the previously trained excavator detection model was deployed in the embedded board. In addition, three libraries were imported into the embedded board, including the Open Source Computer Vision (OpenCV) library in version 3.4, the Libjpeg library, and the DJI onboard Software Development Kit (SDK). OpenCV is an open source computer vision and machine learning software library, which was built to provide a common infrastructure for computer vision applications [46] [47]. The Libjpeg is a widely used C library for reading and writing JPEG image files [48] . The DJI Onboard SDK is an open source software library that enables computers to communicate directly with DJI UAVs and provides access to the UAVs' telemetry [49] . The data-processing flow and the relationship between the excavator detection model and the three previously mentioned libraries are shown in Figure 6 . 
The UAV Module is to detect the excavator, determine the geolocation, and transfer the information to the other two modules. The main hardware components of the UAV module are the UAV (DJI M600 Pro), the EO camera (FLIR BFLY-U3-13S2C-CS), and the embedded board (NVIDIA Jetson TX2 board). In addition, the UAV has a mounting board to mount the embedded board and a gimbal to mount the FLIR camera. Before mounting the NVIDIA embedded board on the UAV, the previously trained excavator detection model was deployed in the embedded board. In addition, three libraries were imported into the embedded board, including the Open Source Computer Vision (OpenCV) library in version 3.4, the Libjpeg library, and the DJI onboard Software Development Kit (SDK). OpenCV is an open source computer vision and machine learning software library, which was built to provide a common infrastructure for computer vision applications [46, 47] . The Libjpeg is a widely used C library for reading and writing JPEG image files [48] . The DJI Onboard SDK is an open source software library that enables computers to communicate directly with DJI UAVs and provides access to the UAVs' telemetry [49] . The data-processing flow and the relationship between the excavator detection model and the three previously mentioned libraries are shown in Figure 6 .
The OpenCV library is used to extract images from the video acquired by the camera. The extracted images have the same resolution as the video, namely, 1288 × 964 pixels. The images are resized simultaneously to facilitate the processing of the aforementioned excavator detection model. In the process of image extraction and resizing, approximately 5.9 images with a size of 288 × 288 pixels or 3.7 images with a size of 416 × 416 pixels can be obtained per second. Afterward, each image is orderly imported into the excavator detection model to identify whether there are any excavators in the image.
If an excavator is detected on the resized image, it is marked by a box through the OpenCV library on the corresponding image before resizing. The images are compressed into the JPEG format via the Libjpeg library to facilitate the transmission of the images with excavators to the Warning Module. In addition, the system reads the geolocation (i.e., longitude and latitude) and time from the flight controller of the UAV with the DJI Onboard SDK. The compressed JPEG image, the recorded geolocation, and the acquisition time are transmitted to the Warning Module. One should note that the camera is mounted vertically facing the ground; thus, the geolocation of the UAV is treated closed to that of the detected excavator. The OpenCV library is used to extract images from the video acquired by the camera. The extracted images have the same resolution as the video, namely, 1288 × 964 pixels. The images are resized simultaneously to facilitate the processing of the aforementioned excavator detection model. In the process of image extraction and resizing, approximately 5.9 images with a size of 288 × 288 pixels or 3.7 images with a size of 416 × 416 pixels can be obtained per second. Afterward, each image is orderly imported into the excavator detection model to identify whether there are any excavators in the image.
If an excavator is detected on the resized image, it is marked by a box through the OpenCV library on the corresponding image before resizing. The images are compressed into the JPEG format via the Libjpeg library to facilitate the transmission of the images with excavators to the Warning Module. In addition, the system reads the geolocation (i.e., longitude and latitude) and time from the flight controller of the UAV with the DJI Onboard SDK. The compressed JPEG image, the recorded geolocation, and the acquisition time are transmitted to the Warning Module. One should note that the camera is mounted vertically facing the ground; thus, the geolocation of the UAV is treated closed to that of the detected excavator.
Real-Time Transmission of the Detected Excavators' Information
It is required that the users obtain the detected excavators' information in a timely and convenient manner to take corresponding actions and ensure the pipeline's safety. Thus, the real-time transmission of the associated information is crucial. Real-time transmission is realized both in the UAV Control Module and Warning Module. The instruments of the Control Module are a tablet and a UAV remote-control unit. With DJI Go App and DJI GS Pro App installed on the tablet, users can set the flight missions of the UAV and control its flight state. In addition, the video formed by the orderly extracted images (e.g., 5.9 images with a size of 288 × 288 pixels per second) can be displayed on the tablet. In this newly generated video, users can see detected excavators within boxes generated by the OpenCV library.
For the Warning Module, software with a Java-based Graphical User Interface (GUI) is developed and run on a computer connected with the Internet. The software is able to receive a compressed JPEG image, the geolocation, and time immediately an excavator is detected by the UAV Module. The transmission between the UAV Module and the Warning Module is remote, 
For the Warning Module, software with a Java-based Graphical User Interface (GUI) is developed and run on a computer connected with the Internet. The software is able to receive a compressed JPEG image, the geolocation, and time immediately an excavator is detected by the UAV Module. The transmission between the UAV Module and the Warning Module is remote, wireless, in real-time, and realized through the OneNET cloud platform. The UAV Module uploads the data package (namely, the compressed JPEG image, the geolocation, and time) to the cloud platform through the 4G network; then the cloud platform sends the data package immediately to the software of the Warning Module. The geolocation is also linked to the digital map. Based on the image with the excavators, the geolocation, and the time, the manager of the pipeline can respond rapidly.
Results
Performance of the Trained Excavator Detection Model
The excavator detection model was trained for approximately 200 epochs based on the training images according to the scheme in Section 3.1. In the training, the YOLOv3 parameters including the batch size, momentum, decay, and learning rate were initialized to 64, 0.9, 0.0005, and 0.0001, respectively, as shown in Table 2 . These values are widely used by the scientific community [44, 50] and we found that the subsequently trained excavator detection model had good accuracy. To avoid overfitting, extensive data augmentation approaches, including random crops, rotations, flips, hue, saturation, and exposure shifts, were used based on the training images. The training was conducted on a Linux workstation with an Intel i7 8700 CPU and a NVIDIA GeForce GTX 2080Ti graphics card. The three parameters (i.e., recall rate, IoU, and Loss) in the train set and validation set (see Section 3.1) for evaluating the trained model during the training process are shown in Figure 7 and Table 3 . The validation set is verified every five iterations on the training set. Figure 7 clearly shows that the performance of the excavator detection model improves quickly after the beginning of the training. After 150 iterations (i.e., about 7 h), the recall rate with 0.5 as the objectness confidence threshold, IoU, and Loss on the validation set are 94.0%, 71.0%, and 0.637, respectively. After 500 iterations (i.e., about 20 h), the recall rate and IoU increase to 98.1% and 82.0%, respectively, and Loss decreases to 0.208, indicating that the model has good ability in detecting excavators from the validation set. After approximately 1000 iterations (i.e., about 40 h), the training stops with insignificant increases of the recall rate and IoU and a very slight decrease in loss. Then, the trained model was evaluated in the test set. In the test set, the trained model hardly omits the excavators and is able to detect the locations of the excavators accurately as shown in Table 3 , which indicates that the trained model has a good generalization in detecting excavators. The recall rate and IoU values obtained in this study are higher than those reported in other studies [38, 41] for multiple object detection training based on published datasets, such as the common objects in context [51] and ImageNet. The main reason is that the object to detect in this study is only assigned to one category and the excavator has an evident shape.
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Performance of the Trained Excavator Detection Model
The excavator detection model was trained for approximately 200 epochs based on the training images according to the scheme in Section 3.1. In the training, the YOLOv3 parameters including the batch size, momentum, decay, and learning rate were initialized to 64, 0.9, 0.0005, and 0.0001, respectively, as shown in Table 2 . These values are widely used by the scientific community [44, 50] and we found that the subsequently trained excavator detection model had good accuracy. To avoid overfitting, extensive data augmentation approaches, including random crops, rotations, flips, hue, saturation, and exposure shifts, were used based on the training images. The training was conducted on a Linux workstation with an Intel i7 8700 CPU and a NVIDIA GeForce GTX 2080Ti graphics card. The three parameters (i.e., recall rate, IoU, and Loss) in the train set and validation set (see Section 3.1) for evaluating the trained model during the training process are shown in Figure 7 and Table 3 . The validation set is verified every five iterations on the training set. Figure 7 clearly shows that the performance of the excavator detection model improves quickly after the beginning of the training. After 150 iterations (i.e., about 7 h), the recall rate with 0.5 as the objectness confidence threshold, IoU, and Loss on the validation set are 94.0%, 71.0%, and 0.637, respectively. After 500 iterations (i.e., about 20 h), the recall rate and IoU increase to 98.1% and 82.0%, respectively, and Loss decreases to 0.208, indicating that the model has good ability in detecting excavators from the validation set. After approximately 1000 iterations (i.e., about 40 h), the training stops with insignificant increases of the recall rate and IoU and a very slight decrease in loss. Then, the trained model was evaluated in the test set. In the test set, the trained model hardly omits the excavators and is able to detect the locations of the excavators accurately as shown in Table 3 , which indicates that the trained model has a good generalization in detecting excavators. The recall rate and IoU values obtained in this study are higher than those reported in other studies [38, 41] for multiple object detection training based on published datasets, such as the common objects in context [51] and ImageNet. The main reason is that the object to detect in this study is only assigned to one category and the excavator has an evident shape. As described in Section 3.2.1 and shown in Figure 6 , the image inputted into the excavator detection model is extracted from the video taken by the FLIR camera and resized simultaneously. Because the excavator detection model based on YOLOv3 is a fully convolutional network (see Section 3.1), it is able to take input images of different sizes and produce correspondingly sized feature maps without retraining the model [52] . The size of the inputted image affects the detection accuracy and processing speed, which directly determines the practicability of the UAV-ED system in real-world applications. Thus, the most appropriate size of the inputted image should be determined. The size of the image required by the YOLOv3 model should be a multiple of 32 and the default size of the published YOLOv3 model is 416 × 416 pixels [43] . We found such a size can obtain a very good accuracy in the detection of the excavators; nevertheless, it can only process 3.7 images per second (namely, 0.27 s per image). Therefore, we further examined the processing speed and the corresponding detection accuracy for a series of sizes, ranging from 416 × 416 pixels to 288 × 288 pixels with a step of 32 × 32. This test was conducted on both the aforementioned Linux workstation as well as the Jetson TX2 embedded board. The details are shown in Table 4 . As expected, when the size of the inputted image decreases, the processing speed increases. With a size of 288 × 288 pixels, the excavator detection model on the Jetson TX2 board can process 5.9 images per second (namely, 0.17 s per image) as shown in Table 4 . Nevertheless, the detection accuracy only has slight variation: −2.9% for the recall rate, −4.8% for IoU, and 0.015 for Loss, suggesting that the detection accuracy can still well satisfy the excavator detection in real world applications. Therefore, the size of the image inputted into the excavator detection model was determined as 288 × 288 pixels.
With a size of 288 × 288 pixels, the trained excavator detection model was applied to the testing images. Examples of the detection results are shown in Figure 7a-c) . Almost all the excavators were successfully detected, although the original images had different backgrounds, excavators of different colors and sizes, and varying illumination conditions. A closer look at Figure 7c demonstrates that a small yellow excavator in the upper right of the image has been detected, suggesting that the trained excavator detection model even has good applicability in the low illumination of early morning and evening and can distinguish the excavators from the background with a similar hue.
Users may require broader viewing extents with obliquely mounted cameras. Thus, the train excavator detection model was further applied to obliquely taken images, the spatial extents of which are larger than that of vertically taken images at the same flight height. Examples are shown in Figure 8d -f, which also have different backgrounds for the excavators. All the excavators were detected, indicating that the trained excavator detection model also has good performance for obliquely taken images. This finding suggests that the UAV-ED system would be valuable for users that require broad viewing extents and less accuracy for the locations of the excavators.
In the application of oil pipeline inspection, missed excavator detection may cause serious accidents. Therefore, the excavator detection model should detect all possible excavators, which may cause false alarms. Because the detection strategy of YOLOv3 (described in Section 3.1) is able to obtain negative samples from images containing excavators [43] , images without excavators are not collected in our dataset (as mentioned in Section 2.1). In the test phase, it is found that not only excavators are detected by the trained excavator detection model, but similar objects are also detected. As shown in Figure 9 , the grab machine and the crane in images, which do not harm the pipeline, may mistakenly be detected as excavators. This problem can be addressed by collecting more data, improving loss function [53] or the user's further judgement. When images containing suspicious targets are transmitted to users, users will further determine whether the detected targets are harmful to the pipeline. obliquely taken images. This finding suggests that the UAV-ED system would be valuable for users that require broad viewing extents and less accuracy for the locations of the excavators. In the application of oil pipeline inspection, missed excavator detection may cause serious accidents. Therefore, the excavator detection model should detect all possible excavators, which may cause false alarms. Because the detection strategy of YOLOv3 (described in Section 3.1) is able to obtain negative samples from images containing excavators [43] , images without excavators are not collected in our dataset (as mentioned in Section 2.1). In the test phase, it is found that not only excavators are detected by the trained excavator detection model, but similar objects are also detected. As shown in Figure 9 , the grab machine and the crane in images, which do not harm the pipeline, may mistakenly be detected as excavators. This problem can be addressed by collecting more data, improving loss function [53] or the user's further judgement. When images containing suspicious targets are transmitted to users, users will further determine whether the detected targets are harmful to the pipeline. 
Performance of the UAV-ED System
During the UAV remote-sensing experiment, several flights were conducted around the pipeline to evaluate the performance of the UAV-ED system. Before the experiment, a ground survey was conducted in the morning along the pipeline through walking to identify whether there were any excavators. We found there were four excavators working at two sites, approximately 10- In the application of oil pipeline inspection, missed excavator detection may cause serious accidents. Therefore, the excavator detection model should detect all possible excavators, which may cause false alarms. Because the detection strategy of YOLOv3 (described in Section 3.1) is able to obtain negative samples from images containing excavators [43] , images without excavators are not collected in our dataset (as mentioned in Section 2.1). In the test phase, it is found that not only excavators are detected by the trained excavator detection model, but similar objects are also detected. As shown in Figure 9 , the grab machine and the crane in images, which do not harm the pipeline, may mistakenly be detected as excavators. This problem can be addressed by collecting more data, improving loss function [53] or the user's further judgement. When images containing suspicious targets are transmitted to users, users will further determine whether the detected targets are harmful to the pipeline. 
During the UAV remote-sensing experiment, several flights were conducted around the pipeline to evaluate the performance of the UAV-ED system. Before the experiment, a ground survey was conducted in the morning along the pipeline through walking to identify whether there were any excavators. We found there were four excavators working at two sites, approximately 10- 
During the UAV remote-sensing experiment, several flights were conducted around the pipeline to evaluate the performance of the UAV-ED system. Before the experiment, a ground survey was conducted in the morning along the pipeline through walking to identify whether there were any excavators. We found there were four excavators working at two sites, approximately 10-15 m away from the pipeline as shown in Figure 2 . Since the excavators were working and moving, we recorded the geolocations of the two sites. The detection scope of the UAV-ED ranges from 40 m to 100 m on each side of the pipeline according to the flight height. Although the distance from the excavators detected by the UAV-ED to the pipeline may be beyond the lowest limitation (namely, 5 m; see Section 1), the staff of the Gas Transmission Management Division of PetroChina should be vigilant about this situation. The geolocation of the UAV is the approximation of the location of the detected excavator, but it is easy to find the detected excavator in the area specified by the UAV's geolocation because the excavator is noticeable.
To better test the performance of the UAV-ED system in the transmission of the detection results to the Warning Module, the computer with the Warning Module was placed in UESTC, which is approximately 350 km away from the testing area. During the flights, the real-time video processed by the UAV module could be displayed in the UAV Control Module as shown in Figure 10a . In addition, the detection results (i.e., the images of the detected excavators, the latitudes/longitudes, and time) were transmitted to the Warning Module as shown in Figure 10b. m; see Section 1), the staff of the Gas Transmission Management Division of PetroChina should be vigilant about this situation. The geolocation of the UAV is the approximation of the location of the detected excavator, but it is easy to find the detected excavator in the area specified by the UAV's geolocation because the excavator is noticeable.
To better test the performance of the UAV-ED system in the transmission of the detection results to the Warning Module, the computer with the Warning Module was placed in UESTC, which is approximately 350 km away from the testing area. During the flights, the real-time video processed by the UAV module could be displayed in the UAV Control Module as shown in Figure  10a . In addition, the detection results (i.e., the images of the detected excavators, the latitudes/longitudes, and time) were transmitted to the Warning Module as shown in Figure 10b . The results showed that the UAV-ED system accurately detected all the excavators around the pipeline with different backgrounds and flight altitudes. Some examples are shown in Figure 11 . The images displayed were acquired in different situations and accurate detection results were obtained from images with multiple excavators in Figure 11a , small excavators in Figure 11b , and those even containing only a portion of an excavator in Figure 11d . Furthermore, the flight altitudes in Figure  11e ,f and the location of the excavator in Figure 11c did not affect the detection results. The detected geolocations of the excavators also agreed well with the geolocations of the sites recorded previously in the ground survey. The results showed that the UAV-ED system accurately detected all the excavators around the pipeline with different backgrounds and flight altitudes. Some examples are shown in Figure 11 . The images displayed were acquired in different situations and accurate detection results were obtained from images with multiple excavators in Figure 11a , small excavators in Figure 11b , and those even containing only a portion of an excavator in Figure 11d . Furthermore, the flight altitudes in Figure 11e ,f and the location of the excavator in Figure 11c did not affect the detection results. The detected geolocations of the excavators also agreed well with the geolocations of the sites recorded previously in the ground survey. 15 m away from the pipeline as shown in Figure 2 . Since the excavators were working and moving, we recorded the geolocations of the two sites. The detection scope of the UAV-ED ranges from 40 m to 100 m on each side of the pipeline according to the flight height. Although the distance from the excavators detected by the UAV-ED to the pipeline may be beyond the lowest limitation (namely, 5 m; see Section 1), the staff of the Gas Transmission Management Division of PetroChina should be vigilant about this situation. The geolocation of the UAV is the approximation of the location of the detected excavator, but it is easy to find the detected excavator in the area specified by the UAV's geolocation because the excavator is noticeable.
To better test the performance of the UAV-ED system in the transmission of the detection results to the Warning Module, the computer with the Warning Module was placed in UESTC, which is approximately 350 km away from the testing area. During the flights, the real-time video processed by the UAV module could be displayed in the UAV Control Module as shown in Figure  10a . In addition, the detection results (i.e., the images of the detected excavators, the latitudes/longitudes, and time) were transmitted to the Warning Module as shown in Figure 10b . The results showed that the UAV-ED system accurately detected all the excavators around the pipeline with different backgrounds and flight altitudes. Some examples are shown in Figure 11 . The images displayed were acquired in different situations and accurate detection results were obtained from images with multiple excavators in Figure 11a , small excavators in Figure 11b , and those even containing only a portion of an excavator in Figure 11d . Furthermore, the flight altitudes in Figure  11e ,f and the location of the excavator in Figure 11c did not affect the detection results. The detected geolocations of the excavators also agreed well with the geolocations of the sites recorded previously in the ground survey. To test the time required to transmit the detection results to the Warning Module, two dedicated flights (i.e., flights I and II) were conducted at the two sites. The details of these two flights are shown in Table 5 . The average consuming time from the UAV-ED system capturing an image to the Warning Module receiving the corresponding detection result is defined as the speed of the UAV-ED system. The speeds were 1.16 s and 1.21 s, respectively. For both of these flights, the 4G network was good and the overall speed was 1.15 s. Therefore, the transmission of the detection result based on the 4G network is fast enough for the user of the UAV-ED system to respond in real-time in areas with good 4G network.
Discussion
To the best of our knowledge, an evident difference of this study compared to other studies [8, 12, 22] is that the detection of excavators using UAV remote sensing is performed in real-time. The approach proposed in this study realized the entire process for real-time object detection based on UAV remote sensing, including the excavator detection algorithm, the real-time processing of the remotely sensed data, and the real-time transmission of the detection results. Once the sensor onboard the UAV platform observes the excavator(s), the excavator detection model deployed on the embedded board can identify the excavator(s) in a very short time and the user can receive the related information in about 1.15 s. Such a fast response can strongly support timely decision-making. From this aspect, the approach developed in this study would outperform traditional approaches for processing UAV remote-sensing data. A possible alternative way for realizing the real-time processing is to transmit the UAV remote-sensing data to the cloud platform and then perform the processing. However, this way is limited by the transmission capability of the communication network due to the large size of the remote-sensing data. In contrast, the approach developed in this study has much a lower requirement on the transmission and thus, is faster and more economical.
Compared with the current method of excavator detection that is carried out in the field by laborers, the proposed approach is more economical. As shown in Table 6 , the UAV inspection cost of 50 km of pipeline is approximately 141,000 yuan per year, which is less than half of that of manual inspection. In practical applications, the UAV inspection frequency can be changed to satisfy different needs. Users can perform multiple UAV inspections during a day in areas with high risk. In fact, this UAV inspection strategy is widely used in power line maintenance [54] and forest fire prevention [55] .
The approach developed in this study can be extended easily to the detection of other objects in applications that requires the real-time processing of UAV remote-sensing data, such as the search and rescue of missing persons, the dynamic monitoring of power lines, the fighting of forest fires, and transportation management. Furthermore, it is reasonable to expect that the proposed real-time approach may be extended to the real-time estimation of surface parameters when the corresponding retrieval algorithms can be deployed on similar embedded boards and the UAV system can be adapted to other sensors (e.g., thermal infrared sensors, airborne-lidar, and multispectral sensors). The real-time estimation of surface parameters would be a benefit in fields such as precision agriculture, hydrology, and environmental science.
Nevertheless, there are some limitations in this study. First, the YOLOv3 model was selected in this study for excavator detection because it has low computational costs and is able to process images in real time on the embedded board. Although very high accuracy in detection has been obtained in this study, the accuracy may decrease for other target objects. In addition, due to the evident shape of the excavator, good accuracy can be obtained in the training of the excavator detection model based on only 350 images. For other complicated target objects, many more images may be required. Second, one should keep in mind that not all neural networks can be deployed on the embedded board used in this study and not every neural network deployed on the embedded board is able to process the UAV remote-sensing data in real time. Some neural networks are computationally heavy. Considering the computational ability of the current embedded board, it is difficult to process images in real time. Therefore, our future work will focus on deploying more neural networks, such as SegNet [56] and U-Net [57] , on the embedded board to test their performance in practical applications. Third, the developed UAV-ED system is not able to realize continuous monitoring of the pipeline due to the short duration of the UAV flight. Nevertheless, the approach can be extended to ground cameras for continuous monitoring at fixed sites. Another issue is that when the signal of 4G network is not good enough, the transmission of the warning messages may be slower. Nevertheless, areas with poor 4G networks usually have fewer human activities and the pipelines suffer fewer security threats. Thus, these areas can be inspected with fewer times by laborers.
Conclusions
Taking pipeline protection as an example, this paper proposed an approach to integrate UAV remote-sensing and deep-learning algorithms in order to realize the real-time detection of ground excavators. A system, termed UAV-ED, was further constructed for operational application. The UAV-ED system is composed of a UAV Control Module, a UAV Module, and a Warning Module. The UAV Control Module sets the flight missions of the UAV and controls its flight state. The UAV Module detects the excavator through the embedded board, determines the geolocation, and transfers the information to the other two modules. The Warning Module receives the real-time images of the excavator, its geolocation, and the time of acquisition.
The excavator detection model based on YOLOv3 is trained and deployed on the Jetson TX2 embedded board carried by the UAV. The excavator detection model reached 83.7% on average IoU and 99.4% for the recall rate with a threshold of 0.5 and 5.9 FPS for the detection speed on the Jetson TX2 embedded board. The excavator detection model and three other libraries, including the OpenCV library, the Libjpeg library, and the DJI Onboard SDK, are integrated with the UAV to form the UAV Module of the UAV-ED system. The UAV module is able to process the UAV remote-sensing data in real time. The processed UAV remote-sensing data, including the compressed JPEG image, the geolocation, and time are shown on the Warning Module of the UAV-ED system within about 1.15 s once the sensor mounted on the UAV module observes the excavator(s). The transmission between the UAV Module and the Warning Module is remote, wireless, and functions in real-time. The UAV Control Module of the UAV-ED system can display the video formed by the orderly extracted images with boxes on the detected excavators. The proposed approach and UAV-ED system were tested in different scenarios. The experimental results demonstrated that the UAV-ED system is able to detect excavators in real time and send the related results to users quickly. Thus, the UAV-ED system had good performance and would be a benefit for the management of pipeline safety.
The proposed approach can be easily extended to other applications that require real-time processing of UAV remote-sensing data. Further research will focus on three points to extend the application of UAV remote sensing: (i) the improvement of the network model for object detection with lower computational costs and higher accuracy; (ii) the implementation of the semantic segmentation network model on the Jetson TX2 embedded board, which is very useful in precision agriculture; and (iii) the labeling of the bounding box of the target with orientation, which is beneficial to reveal the direction of the object's motion and predict dynamic objects in videos [58] .
